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Mild Cognitive Impairment (MCI) causes slight but noticeable disruption in cognitive
systems, primarily executive and memory functions. However, it is not clear if the
development of sequence learning is affected by an impaired cognitive system and, if so,
how. The goal of our study was to investigate the development of probabilistic sequence
learning, from the initial acquisition to consolidation, in MCI and healthy elderly control
groups. We used the Alternating Serial Reaction Time task (ASRT) to measure probabilistic
sequence learning. Individuals with MCI showed weaker learning performance than the
healthy elderly group. However, using the reaction times only from the second half of each
learning block—after the reactivation phase—we found intact learning in MCI. Based on
the assumption that the first part of each learning block is related to reactivation/recall
processes, we suggest that these processes are affected in MCI. The 24-h offline period
showed no effect on sequence-specific learning in either group but did on general skill
learning: the healthy elderly group showed offline improvement in general reaction times
while individuals with MCI did not. Our findings deepen our understanding regarding the
underlying mechanisms and time course of sequence acquisition and consolidation.
Keywords: mild cognitive impairment, offline learning, statistical learning, implicit learning, skill learning,
consolidation, automaticity
INTRODUCTION
Mild cognitive impairment (MCI) is a transition stage between
normal age-related cognitive decline and the more serious symp-
toms of dementia caused by, for example, Alzheimer’s disease.
According to the American College of Physicians, MCI affects
about 20% of the population over 70 years of age. Many who
develop MCI eventually develop Alzheimer’s disease, although
some will remain stable or might even return to normal (Roberts
et al., 2008). Of those with MCI, 12–15% will develop the signs of
dementia within a year and about 50% will progress to dementia
within 5 years (Gauthier et al., 2006). The characteristic symp-
toms of MCI are impaired memory functions during learning or
recall, impaired attention and information processing evidenced
by the speed with which these functions are executed, flawed
executive functions, and perceptual motor-skill and language-
expression disturbances (e.g., word finding). MCI is diagnosed
if at least two of these symptoms are present for at least 2 weeks
(Tariska et al., 1990; Petersen et al., 1999; Grundman et al., 2004;
Portet et al., 2006). MCI produces greater than age appropri-
ate memory impairment but in all other aspects the individual
functions well. Most often, learning skills and the ability to recall
new information are affected to the highest extent. Brain imag-
ing research shows dysfunction in the medial temporal lobe
(MTL), including the hippocampal formation in MCI (Jack et al.,
1997; Dickerson and Sperling, 2008; Nickl-Jockschat et al., 2012;
Szamosi et al., 2013) but other areas might also be affected
(Rombouts et al., 2009). Memory tests have established that cer-
tain forms of explicit memory and learning, such as delayed recall
and list learning, decline inMCI (Petersen et al., 1999; Grundman
et al., 2004; Leube et al., 2008). However, the question of how
implicit learning is affected by MCI has received less attention
(Nagy et al., 2007; Negash et al., 2007b). Properties of implicit
learning and its consolidation could be useful in the dissocia-
tion of MCI from healthy age-related changes and also could
contribute to a better understanding of the formation and con-
solidation of sequence acquisition, specifically the role of theMTL
and hippocampus in these processes.
Explicit or declarative memory is accessible to conscious rec-
ollection, including facts and episodes (for example remembering
events explicitly). It is defined by voluntary mechanisms which
rely more on attentional resources. Non-declarative memory
relies more on automatic, non-conscious/implicit processes
including habituation, conditioning, motor and perceptual skills
(for example playing piano). According to Squire and his col-
leagues, explicit or declarativememory can be linked to the brain’s
medial-temporal area, while the implicit or non-declarative pro-
cesses fall outside these areas (Squire and Zola, 1996; Squire,
1998). Nevertheless, others showed that areas in the MTL
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including hippocampus also play a role in implicit learning (Chun
and Phelps, 1999; Albouy et al., 2008; for critics, see Manns and
Squire, 2001; Poldrack and Rodriguez, 2003).
The focus in our study is primarily on implicit sequence learn-
ing which underlies the acquisition of not only motor but also
cognitive and social skills (Lieberman, 2000; Nemeth et al., 2011;
Romano Bergstrom et al., 2012). Most models of sequence learn-
ing (Hikosaka et al., 1999, 2002; Doyon et al., 2009a) emphasize
the role of the frontal-striatal-cerebellar system, while the role
of the MTL and related structures (e.g., hippocampus) remains
inconclusive (Schendan et al., 2003; Albouy et al., 2008; Simon
et al., 2012). Negash et al. (2007b) have conducted the first
and only research to address this topic so far, in which they
investigated the effect of MCI on implicit learning. They used
two implicit learning paradigms: the Serial Reaction Time (SRT;
Nissen and Bullemer, 1987) to measure sequence learning, and
the Contextual Cueing Task (Chun and Jiang, 1998) to mea-
sure visuospatial configuration learning. Despite the similarity in
implicitness of these tasks, they call on two different neural sys-
tems; previous studies showed greater involvement of MTL in the
Contextual Cueing (Chun and Jiang, 1998; Manns and Squire,
2001) compared to the SRT task, which is primarily mediated
by the previously mentioned frontal-striatal-cerebellar system
(Curran, 1998; Honda et al., 1998; Gomez-Beldarrain et al., 1999;
Willingham et al., 2002). Negash et al.’s results revealed that
individuals with MCI, although generally slower, showed similar
sequence learning to the controls; however, learning was impaired
in the Contextual Cueing task. These findings implicate that the
MTL system, including the hippocampal formation is involved in
MCI, while the frontal-striatal-cerebellar system is involved to a
lesser extent (Negash et al., 2007b).
While Negash et al. (2007b) used a deterministic 8-element
sequence, we take the task one step further. Here we use a modi-
fied version of the SRT task, the Alternating Serial Reaction Time
(ASRT) task (Howard and Howard, 1997), which enables us to
separate general skill learning and sequence specific learning.
General skill learning refers to the increase in speed as the result
of practice and it is relatively independent from sequence struc-
ture, while sequence-specific learning refers to the acquisition
of sequence-specific knowledge, which results in relatively faster
responses for events that can be predicted from the sequence
structure vs. those that cannot. Most research, including the
Negash et al.’s (2007b) study cited above, has not distinguished
these because the tasks used make it difficult to do so. In classi-
cal SRT tasks used also by Negash et al. (2007b), the structure of
a sequence is deterministic, with the stimuli following a simple
repeating pattern as in the series 213412431423, where numbers
refer to distinct events. In contrast, in the ASRT task (Howard and
Howard, 1997; Remillard, 2008), repeating events alternate with
random elements. This means that the location of every second
stimulus on the screen is determined randomly. If, for instance,
the sequence is 1234, where the numbers represent locations on
the screen, in ASRT the sequence of stimuli will be 1r2r3r4r, with
r representing a random element. The sequence is thus ‘better
hidden’ than in the deterministic SRT task and it is also possible
to track sequence-specific learning continuously by comparing
responses to the random and sequence elements. This structure is
called probabilistic second-order dependency (Remillard, 2008)
because to predict element ‘n’ we need only to know element
n-2, regardless of element n-1. In this way, the representations
of the probabilistic sequences are more abstract and the acqui-
sition of the sequences is also a statistical learning process. One
of the outstanding questions in the literature of implicit learn-
ing is if there are functional differences in how implicit learning
develops in motor vs. cognitive tasks (Foerde et al., 2008; Ashby
et al., 2010). The fact that probabilistic sequences with their sta-
tistical properties are more ambiguous due to certain transitions
being dictated by a context defined by remote events (Remillard,
2008) suggests that learning these sequences might result in more
abstract representations than in deterministic sequence learning
tasks (for another view see Keele et al., 2003). Moreover, several
studies showed that probabilistic sequence learning is related not
only to motor, but also to perceptual processes (Song et al., 2008;
Nemeth et al., 2009; Hallgató et al., 2013). Based on these con-
siderations, probabilistic sequence-specific learning is presumed
to be related relatively more to cognitive skills, while general skill
learning is presumed to be related relatively more to motor skills
in this specific design. It is a particularly interesting issue how
MCI affects the performance on these two aspects of learning.
In the development and stabilization of memory representa-
tion for sequences, the processes of consolidation and reconsol-
idation, are particularly important (Walker et al., 2003; Rickard
et al., 2008; Tucker et al., 2011). During the acquisition of
sequences we are learning and recalling and reactivating the
sequence elements continuously. Recalling or reactivating a pre-
viously consolidated memory makes it once again fragile and
susceptible to interference, therefore requiring periods of recon-
solidation (Walker et al., 2003). These circle processes make
possible the continued refinement and reshaping of previously
learned motor or cognitive skills in the context of ongoing expe-
rience. In experimental designs (fingertapping or SRT tasks) and
partly in real-life situations, we are learning sequences arranged
in blocks which are separated by shorter or longer time periods.
In the beginning of the blocks we reactivate the already consol-
idated memory traces. Rickard et al. (2008) and Brawn et al.
(2010) showed that the separate analysis of the different parts
of the learning blocks is crucial in understanding the consolida-
tion of sequence learning. For example, if we analyze only the first
part of each of the learning blocks, we can find greater sequence
learning effects by controlling the reactive inhibition [i.e., the
inhibiting effect of fatigue on learning (Rickard et al., 2008)].
These effects can be particularly relevant in a cognitive impaired
population such as MCI. It is important to highlight, however,
that Rickard et al. (2008) and Brawn et al. (2010) used explicit and
not implicit sequence learning. Thus, the question can be raised
whether the pattern of results is the same for implicit learning.We
hypothesize dissociation between explicit and implicit sequence
learning because several factors, such as fatigue and attentional
resources, affect the two types of learning differently (Nissen and
Bullemer, 1987; Squire and Zola, 1996; Janacsek and Nemeth,
2013).
It is also a relevant issue that sequence learning does not occur
only during practice—online periods—but also between practice
periods—during offline periods. The process that occurs during
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the offline periods is referred to as consolidation and is typi-
cally revealed either by increased resistance to interference and/or
by improvement in performance, following an offline period
(Krakauer and Shadmehr, 2006). The nucleus caudate and ven-
tricle putamen, which are part of the fronto-striato-cerebellar
network, play important roles in sequence consolidation (Doyon
et al., 2002, 2009b; Doyon and Benali, 2005; Lehericy et al., 2005;
Albouy et al., 2008; Debarnot et al., 2009). More recent studies
also emphasize the role of the hippocampus in the consolida-
tion of sequence knowledge: for example, Albouy and colleagues
(2008) found hippocampus activity using a 24-h delay inter-
val between the learning and testing session. MCI is an ideal
avenue to solve the puzzle of sequence consolidation because of
the above mentioned neurocognitive background of this cogni-
tive impairment. Although there are several studies focusing on
the consolidation of explicit processes in MCI (e.g., Westerberg
et al., 2012), to our knowledge no study has investigated the effect
of a 24-h offline period on implicit sequence learning in this
population so far.
In this study, we investigated sequence-specific and general
skill learning in individuals with MCI. In this way we could indi-
rectly investigate the role of the hippocampus and related MTL
structures in this learning mechanism. A probabilistic sequence
learning task was set up in a prolonged way in order to map the
development and consolidation of memories for sequences. We
had two main questions here: (1) to which extent can the individ-
uals with MCI learn raw probabilities implicitly, (2) how within-
block effects contribute to sequence learning performance. For
the second question we hypothesized that the beginning of the
learning blocks reflects the processes in which we are picking
up high and low frequency triplets and reactivating/recalling the
sequence information learned in the previous blocks. As reactiva-
tion/recall processes are shown to be related to the hippocampus
and related structures (e.g., Gelbard-Sagiv et al., 2008; Xue et al.,
2010), we expected weaker learning performance in MCI based
on the first half of the blocks compared to the second half of the
blocks.
MATERIALS AND METHODS
PARTICIPANTS
Seventeen MCI patients and 17 healthy elderly controls partici-
pated in the experiment. Diagnoses of MCI were established via a
consensus meeting of at least two clinical neurologists and a neu-
ropsychologist using various examinations and tests (e.g., basic
laboratory tests, brainMRI, clinical evaluation,Mini Mental State
Examination—MMSE). Controls were individuals who: (1) were
independently functioning community dwellers, (2) did not have
active neurological or psychiatric conditions, (3) had no cognitive
complaints, (4) demonstrated a normal neurological behavior,
(5) were not taking any psychoactive medications (Negash et al.,
2007b).
The MCI and the control group were matched on
age (MMCI = 61.82, SDMCI = 7.70; Mcontrol = 57.82,
SDcontrol = 8.47), years of education (MMCI = 13.35,
SDMCI = 2.21; Mcontrol = 14.18, SDcontrol = 2.38) and gen-
der (14 and 15 females, respectively). The groups differed in
performance on the MMSE [t(32) = −6.31, p < 0.001]: the mean
score was 26.91 (SD = 1.69, range 25–28) for the MCI group and
29.69 (SD = 0.48, range 29–30) for the controls. All participants
provided signed informed consent agreements and received no
financial compensation for their participation. The examinations
were conducted at the neuropsychiatric office of the Aladár Petz
County Research Hospital.
PROCEDURE
The ASRT task was administered in two sessions separated by a
24-h interval. Participants were informed that themain aim of the
study was to find out just how extended practice affected perfor-
mance on a simple reaction time task. Therefore, we emphasized
performing the task as fast and as accurate as they could. They
were not given any information about the regularity that was
embedded in the task.
In the first session the ASRT consisted of 20 blocks. As one
block took about 1.5–2min, the first session took approximately
30–40min. Between blocks, participants received feedback on the
screen about their overall reaction time and accuracy, then had a
rest of between 10 and 20 s before starting a new block. Session 2
lasted approximately 22–30minutes, as the ASRT consisted of 15
blocks.
The computer program selected a different ASRT sequence for
each participant based on a permutation rule, such that each of
the six unique permutations of the four possible stimuli occurred.
Consequently, six different sequences were used across partici-
pants while the sequence within participants was identical during
Session 1 and Session 2 (Howard and Howard, 1997; Nemeth
et al., 2010).
THE ALTERNATING SERIAL REACTION TIME (ASRT) TASK
Sequence learning was measured by the “Catch the dog” version
(Nemeth et al., 2010) of the ASRT task (Howard and Howard,
1997). In this ASRT task, a stimulus (a dog’s head) appears in
one of four empty circles on the screen and participants have to
press the corresponding button when it occurs. The computer is
equipped with a special keyboard with four heightened keys (Y, C,
B, and M on a Hungarian keyboard; equivalent to Z, C, B, M on
a US keyboard), each corresponding to the circles in a horizontal
arrangement.
Unbeknownst to participants, the appearance of stimuli fol-
lows a predetermined order. As stimuli are presented in blocks
of 85 stimuli, the first five button pressings are random for
practice purposes, then an 8-element alternating sequence (e.g.,
2r3r1r4r, where numbers represents the four circles on the screen
and r represents random elements) repeats ten times. Because of
this structure, some triplets or runs of three consecutive events
occur more frequently than others. For example, in the above
illustration, 1_4, 2_3, 3_1, and 4_2 (where “_” indicates the mid-
dle element of the triplet) would occur often because the third
element (bold numbers) could be derived from the sequence
or could also be a random element. In contrast, 1_3 or 4_1
would occur less frequently because in this case the third ele-
ment could only be random. Following previous studies, we refer
to the former as high-frequency triplets and the latter as low-
frequency triplets. Note that the final event of high-frequency
triplets is therefore more predictable from the initial event when
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compared to the low-frequency triplets [also known as non-
adjacent second-order dependency (Remillard, 2008)]. Therefore,
for each stimulus we determined whether it was the last element
of a high- or low-frequency triplet.
There are 64 possible triplets (43, 4 stimuli combined for three
consecutive events) in the task. Out of these triplets, 16 are high
frequency triplets, each of them occurring on approximately 4%
of the trials, about five times more often than the low-frequency
triplets. Thus, approximately 64% of all trials are high-frequency
triplets and the remaining 36% of trials are low-frequency ones.
Previous studies have shown that as people practice the ASRT
task, they come to respond more quickly to the high- than low-
frequency triplets, revealing sequence-specific learning (Howard
and Howard, 1997; Howard et al., 2004; Song et al., 2007).
In addition, general skill learning is revealed in the ASRT task
in the overall speed with which people respond, regardless of
the triplet types. Thus, we are able to obtain measures of both
sequence-specific and general skill learning in the ASRT task.
STATISTICAL ANALYSES
To facilitate data processing, the blocks of ASRT were organized
into epochs of five blocks. The first epoch contains blocks 1–5, the
second blocks 6–10, etc. (Bennett et al., 2007; Barnes et al., 2008).
As participants’ accuracy remained very high (98.1% for the MCI
and 99.2% for the control group) throughout the test (similarly to
previous studies, e.g., Howard and Howard, 1997; Nemeth et al.,
2010), we focused on reaction time (RT) for the analyses reported.
For RTs, we calculated medians for correct responses only, sepa-
rately for high and low frequency triplets and for each participant
and each epoch.
To compare the overall learning between the groups, RTs were
analyzed by a mixed design ANOVA on the 7 epochs of Session
1 and 2 with TRIPLET (2: high vs. low) and EPOCH (1–7)
as within-subjects factors and GROUP (MCI vs. control) as a
between-subjects factor. For exploration of offline changes in the
24-h delay period, a similar ANOVA was conducted including
only the last epoch of Session 1 and the first epoch of Session
2. All significant results are reported together with the η2p effect
size and Greenhouse–Geisser ε correction factors where applica-
ble. Planned comparisons and post-hoc analyses were conducted
by Fisher’s LSD pairwise comparisons.
RESULTS
DO THE MCI AND THE CONTROL GROUP DIFFER IN OVERALL
SEQUENCE LEARNING?
The ANOVA revealed significant sequence-specific learning [indi-
cated by the significant main effect of TRIPLET: F(1, 32) = 18.50,
η2p = 0.37, p < 0.001] such that RTs were faster on high than on
low frequency triplets (Figure 1A). The groups differed in the
extent of this sequence-specific learning [shown by the signifi-
cant TRIPLET × GROUP interaction: F(1, 32) = 8.31, η2p = 0.21,
p = 0.007]: theMCI group was 2.80ms faster on high than on low
frequency triplets (p = 0.32) while this difference was 14.20ms
for the controls (p = 0.001). Thus, only the controls acquired the
sequence-specific knowledge overall.
The ANOVA also revealed general skill learning [shown by the
significant main effect of EPOCH: F(6, 192) = 42.70, η2p = 0.57,
p < 0.001], such that RTs decreased across epochs, irrespective of
the triplet type. This decrease was slightly different for the groups
[EPOCH × GROUP interaction: F(6, 192) = 2.33, η2p = 0.07, p =
0.078]: RTs decreased steeper in the MCI group (153ms from the
first epoch to the last epoch) than in the controls (95ms). This
difference was mainly caused by the MCI group’s relatively slower
RTs in the first epoch compared to that of the controls (790 vs.
692ms, p = 0.07). This difference diminished for the last epoch
(647 vs. 607ms, p = 0.41). Other interactions were not significant
(ps > 0.17).
Although the MCI and the control group performed with
similar RTs [main effect of GROUP: F(1, 32) = 1.99, p = 0.17],
we re-ran our analyses using z-transformed RTs to confirm our
findings. The ANOVA revealed sequence-specific learning [sig-
nificant main effect of TRIPLET: F(1, 32) = 43.77, p < 0.001]
with significantly smaller learning for the MCI than for the con-
trol group [TRIPLET × GROUP interaction: F(1, 32) = 4.01, p =
0.05]. After the z-transformation, the EPOCH × GROUP inter-
action was not significant [F(6, 192) = 1.26, p = 0.31], suggesting
a similar level of general skill learning in the two groups.
IS THERE ANY WITHIN-BLOCK EFFECT ON LEARNING? ARE THESE
EFFECTS DIFFERENT IN THE MCI AND THE CONTROL GROUP?
A fine-grained analysis of the data can give us a deeper insight
into the mechanisms of the development of sequence representa-
tion; therefore, it can also help to better understand the above
reported sequence-learning deficit in MCI compared to con-
trols. Analyzing the learning data by splitting each block into
two halves is an excellent approach for exploring these questions.
Therefore, we conducted a mixed design ANOVA on the data
shown in Figures 1B,Cwith TRIPLET (2: high vs. low frequency),
EPOCH (7: 1–7) and PART (2: first vs. second half of blocks)
as within-subject factors and GROUP (2: MCI vs. control) as a
between-subject factor.
The ANOVA revealed significant sequence-specific learning
overall [main effect of TRIPLET: F(1, 32) = 18.27, η2p = 0.36, p <
0.001] with smaller learning for the MCI group compared to con-
trols [4 vs. 14ms; TRIPLET × GROUP interaction: F(1, 32) =
5.62, η2p = 0.15, p = 0.02; Figure 1D]. Interestingly, taking the
PART of the blocks into account, we found a significant TRIPLET
× PART interaction [F(1, 32) = 4.43, η2p = 0.12, p = 0.04]: the
sequence-specific learning was greater in the second part of
the blocks compared to the first part (6 vs. 12ms). Although
the TRIPLET × PART × GROUP interaction did not reach
significance [F(1, 32) = 2.62, η2p = 0.08, p = 0.12], planned com-
parisons revealed that the controls showed a similar extent of
sequence-specific learning in the first and the second part of the
blocks (13 and 14.5ms, p = 0.73). In contrast, the MCI group
showed higher sequence-specific learning in the second part of
blocks than in the first part (1.7 vs. 9.6ms, p = 0.01). All of these
learning measures were significant (ps < 0.004), except for the
first part of the blocks in the MCI group (p = 0.68). Thus, the
group difference in sequence learning that we found in the pre-
vious analysis was driven mainly by the first part of the blocks
(Figure 2), where the extent of sequence-specific learning was dif-
ferent between groups (p = 0.01), while they were similar in the
second part of the blocks (p = 0.22).
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FIGURE 1 | (A) Sequence learning across 7 epochs (35 blocks) for the MCI
and control group. Circles represent RTs for high-frequency triplets and
squares represent RTs for low-frequency triplets. (B) Learning curves for
the first part of each block and (C) the second part of each block. (D)
Sequence-specific learning (measured by the RTs for the low- minus
high-frequency triplets) for the MCI and control group is plotted for the
overall, first block-part and second block-part learning measures. Overall,
the MCI group did not show significant sequence-specific learning, which
was caused mainly by the learning performance in the first part of the
blocks. The learning performance in the second part of the blocks was
similar in the groups. (E) General reaction times are plotted for the first
and second parts of the blocks for the MCI and control group, separately.
The MCI group was slower in the second parts of the blocks compared to
the first parts of the blocks, but only in Session 1. The control group
showed a similar pattern, but in Session 2. (F) Offline general skill changes
(measured as the RT difference between Epoch 4 and Epoch 5,
irrespectively of the triplet types) over the 24-h delay are plotted for the
MCI and the control group with significant offline improvement for the
controls only. Error bars represent standard error of mean. ns,
non-significant, ∗p < 0.05, ∗∗p < 0.01, ∗∗∗p < 0.001.
The ANOVA computed on z-transformed data confirmed
our findings, as the TRIPLET × PART × GROUP interac-
tion was significant [F(1, 32) = 5.93, p = 0.02]. The MCI group
showed significant sequence-specific learning only in the second
halves of the blocks (p < 0.001) but not in the first halves (p =
0.29). In contrast, the controls exhibited significant sequence-
specific learning both in the first and second parts of the blocks
(ps < 0.001).
In the case of general skills, the ANOVA showed a sig-
nificant improvement across epochs [main effect of EPOCH:
F(6, 192) = 42.42, η2p = 0.57, p < 0.001], with a trend toward
group differences [EPOCH × GROUP interaction: F(6, 192) =
2.46, η2p = 0.07, p = 0.06]. This latter effect is similar to the
results of the previous analysis finding that RTs decreased steeper
in the MCI group (149ms from the first epoch to the last epoch)
than in the controls (87ms). This difference, however, dimin-
ished when analyzing z-transformed data: [EPOCH × GROUP
interaction: F(6, 192) = 1.23, p = 0.32].
There was also a trend for different degrees of general
skill improvement in the first and second part of the blocks
[EPOCH × PART interaction: F(6, 192) = 1.91, η2p = 0.06, p =
0.08]: the speed-up from the first to the last epoch was
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FIGURE 2 | Sequence-specific learning (measured by the RTs for the low- minus high-frequency triplets) in the first and second parts of the blocks,
collapsed into epochs, is plotted for the MCI and control group. Error bars indicate standard error of mean.
123ms when analyzing only the first parts of the blocks,
while it was slightly smaller in the case of the second parts
of the blocks (106ms). This was caused mainly by being
faster in the second half of the blocks at the beginning of
the task (737 vs. 746ms in the first epoch), with a reverse
pattern for the end of the task (631 vs. 624ms in the last
epoch). This effect remained and even became stronger after
z-transforming the RTs [EPOCH × PART interaction: F(6, 192) =
6.80, p < 0.001].
Groups further detailed this picture [significant EPOCH
× PART × GROUP interaction: F(6, 192) = 2.22, η2p = 0.07,
p = 0.04; Figure 1E] as the MCI group was 12ms faster in the
first parts of the blocks compared to the second parts in Session
1 (p = 0.004) but showed similar RTs in Session 2 (1ms differ-
ence between the RTs of the first and second parts of the blocks,
p = 0.73). In contrast, the control group performed the task with
similar RTs in Session 1 (2.6ms difference, p = 0.51) but was
8.6ms faster at the beginning of the blocks compared to the
second parts in Session 2 (p = 0.01). This difference, however,
disappeared when using z-transformed data [EPOCH × PART ×
GROUP interaction: F(6, 192) = 0.02, p = 0.33]. No other main
effects of interactions were significant (ps > 0.21).
IS THERE ANY CHANGE IN LEARNING IN THE 24-h DELAY?
For the exploration of the offline changes in the 24-h delay period,
ANOVAwas conducted with TRIPLET (2: high vs. low frequency)
and EPOCH (2: the last epoch of Session 1 and the first epoch
of Session 2) as within-subject factors and GROUP (2: MCI vs.
control) as a between-subject factor.
The ANOVA revealed sequence-specific learning [indicated
by the significant main effect of TRIPLET: F(1, 32) = 19.68,
η2p = 0.38, p < 0.001] which was retained across the sessions
[TRIPLET × EPOCH interaction: F(1, 32) = 0.51, η2p = 0.02, p =
0.48]. The groups did not differ either in overall sequence-
specific knowledge [TRIPLET × GROUP interaction: F(1, 32) =
0.19, η2p = 0.01, p = 0.67] or in the offline change of this knowl-
edge between the sessions [TRIPLET × EPOCH × GROUP:
F(1, 32) = 1.63, η2p = 0.05, p = 0.21].
In contrast, there was an offline improvement in general skills
[main effect of EPOCH: F(1, 32) = 5.32, η2p = 0.14, p = 0.028],
with faster RTs in the first epoch of Session 2 compared to the
last epoch of Session 1 (Figure 1F). This change was slightly dif-
ferent between groups [EPOCH×GROUP interaction: F(1, 32) =
3.69, η2p = 0.10, p = 0.064]: the MCI group showed no between-
session speed-up (3ms, p = 0.79) while the controls did (34.7ms,
p = 0.005). The ANOVA on z-transformed RTs confirmed this
result, showing a weaker consolidation of general skills for the
MCI than for the control group [marginally significant EPOCH
× GROUP interaction: F(1, 32) = 3.85, p = 0.06]. Other interac-
tions involving the GROUP were not significant (ps > 0.71).
We also conducted a consolidation analysis taking the first
and second parts of the blocks into account and found simi-
lar results, with significant group differences in offline general
skill changes [EPOCH × GROUP interaction: F(1, 32) = 4.30,
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η2p = 0.12, p = 0.046]. The offline change in general skills was
significant for the control group (35.8ms faster at the beginning
of Session 2 compared to the end of Session 1, p = 0.004) but not
significant for the MCI group (1.65ms difference, p = 0.89).
DISCUSSION
Our goal was to investigate the acquisition of sequence knowl-
edge in Mild Cognitive Impairment. We used a task that allows
differentiating between sequence-specific and general skill learn-
ing. At first, based on the standard ASRT analysis we found
that individuals with MCI showed weaker implicit probabilistic
sequence learning than the healthy aged group. However, once we
dug deeper and considered only the second half of each learn-
ing block, we found similar learning performances in the MCI
as in the healthy aged group. Thus, the overall sequence-specific
learning in MCI depends on which part of each learning block is
considered. In the case of general reaction time, the MCI group
was faster in the first part of the blocks compared to the sec-
ond part in Session 1. The healthy aged group showed a similar
pattern, except in Session 2. We were able to demonstrate that
general skill consolidation over a 24-h delay period was differ-
ent in MCI and in the healthy aged group. The latter group
showed offline improvement in general reaction time while the
MCI group did not show this speed-up effect. We believe our
study to be the first one that uses an implicit sequence learning
task with second-order dependency in individuals with MCI.
Our results partly contradict but partly support the findings of
Negash and his colleagues (2007b), who showed learning with a
deterministic SRT task in MCI but not in the Contextual Cueing
task (Chun and Jiang, 1998). The impaired sequence learning
that we found in MCI could be due to the more difficult and
more complex sequence structure in our task, compared to the
one used by Negash et al. (2007b). Another possibility is that
deterministic and probabilistic sequence learning tasks are qual-
itatively different: the latter with their statistical properties are
more ambiguous due to higher order associations in which a
current event is predicted not by the preceding event but by
the context of more remote events (Cohen et al., 1990; Keele
et al., 2003). Thus, our result of impaired sequence learning in
MCI is more similar to the results of the Contextual Cueing task
in Negash et al.’s study. The Contextual Cueing task relies on
visual search (e.g., find a horizontal T on the screen), which is
generated within a background of some repeated distractor con-
figuration (unknown to participants) providing a contextual cue
to the location of the target. As a result of practice, the partici-
pants detect the target-stimulus in repeated configurations faster
than in random configurations, even though they are not aware of
the repeated distractors. This task calls on different neural systems
than the SRT task (MTL-hippocampus vs. the frontal-striatal-
cerebellar system; Curran, 1998; Honda et al., 1998; Chun and
Jiang, 1999; Gomez-Beldarrain et al., 1999; Manns and Squire,
2001; Willingham et al., 2002). Despite these differences in the
involvement of different neural systems, our results suggest that
the MTL and the hippocampal formation are also somehow
involved in probabilistic sequence learningmeasured by the ASRT
task. The within-block analysis can help us specify the nature of
this involvement.
The result that the overall sequence-specific learning depends
on whether we consider the first part or the second part of each
learning block supports the suggestion of Rickard et al. (2008),
who stressed the importance of the within-block position effect.
However, we did not find a fatigue effect within the block in either
group. Moreover, in the MCI group we showed significant over-
all sequence-specific learning when only taking the second part of
the learning blocks into account, suggesting a warm-up or prim-
ing effect (cf. Figure 2). The fact that the MCI group exhibited
significant sequence-specific learning in the second part of the
blocks but not in the first part, suggests that the processes are
qualitatively different between the first and the second part of the
learning blocks. In the beginning of the blocks we have to recall
and reactivate the sequence structure partly learned already in the
previous blocks. The second part of each block might be respon-
sible for the utilization and/or proceduralization of the sequence
knowledge. Based on these assumptions, we claim that the detec-
tion of probabilities in the reactivation/recall phase is somehow
impaired in MCI. In addition, as MTL structures, including the
hippocampus are primarily affected in MCI (Jack et al., 1997;
Dickerson and Sperling, 2008) and we found impaired sequence
learning in the first part of learning blocks, the reactivation/recall
of the sequence knowledge in the beginning of the blocks might
be more MTL-dependent than in the second part. However, more
studies are needed to confirm this suggestion.
These within-block effects also open a window to the sim-
ilarities and dissimilarities between learning performance on
the ASRT and the Contextual Cueing task. Although several
neuropsychological studies have showed dissociation on the
performance of these tasks, showing evidence of the different
neurocognitive background (Howard et al., 2006; Negash et al.,
2007a; Barnes et al., 2010; Simon et al., 2011), our results sug-
gest that these two tasks somehow involve similar processes but
only in the first part of the ASRT blocks. In this part of the
blocks the reactivation/recall of the previously learned regulari-
ties is prominent. Moreover, in order to recover the previously
acquired sequence memories, picking up the context information
of the items at the beginning of each block is essential. As previous
studies showed, these processes are linked to the hippocampus
and related MTL structures (Wood et al., 2000; Gelbard-Sagiv
et al., 2008; Xue et al., 2010). In sum, learning performance in
specific parts of the ASRT seems to rely on the involvement of the
hippocampus and related MTL structures.
Regarding general reaction times, we found that in Session 1
the MCI group was faster in the first part of the learning blocks
compared to the second part, while this pattern was present for
the control group in Session 2. Generally, slower RTs at the end
of learning blocks than at the beginning suggest a build-up of
fatigue within each block. This fatigue effect emerges later for
the controls than for the MCI group. These results partly support
the findings of Rickard and his colleagues (2008), who showed
this fatigue effect masking some aspects of learning performance
in a fingertapping task. Since the MCI group showed significant
sequence-specific learning in the second half of the blocks, in spite
of the fact that they were generally slower due to fatigue, we can
claim that the impaired sequence-specific learning in the MCI
group is not caused by this fatigue effect in our study.
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Previous studies argue that the caudo-ventral putamen
(Doyon and Benali, 2005; Debarnot et al., 2009) and the hip-
pocampus (Albouy et al., 2008) can both play a role in the
consolidation of sequence learning. SinceMTL structures, includ-
ing the hippocampus, are mostly affected by MCI (Dickerson
and Sperling, 2008), our results that the MCI group did not
forget the sequence in the 24-h delay period might suggest
that these structures are not essential for the consolidation
of sequence-specific knowledge, though they might affect the
consolidation of general skill learning. This latter finding is
in line with previous studies using fingertapping tasks (e.g.,
Walker et al., 2003), suggesting that general skill learning in
our design might share similar neurocognitive background with
motor learning. However, future studies need to clarify these
similarities.
In sum, our findings that the detection of probabilities in
the reactivation/recall phases of the learning is impaired in
MCI draw attention to the importance of the hippocampus
and the related MTL structures in the development of sequence
memory representation. Our results add detail to the pic-
ture regarding background processes of sequence acquisi-
tion and consolidation and refine Negash et al.’s (2007b)
final conclusion that adapting to environment is preserved
in MCI. Based on our findings, we believe that the reacti-
vation phase of the detection of probabilities is impaired in
MCI. If further studies with different methods, including func-
tional brain mapping, confirm this view, it could lead to the
development of more focused and more effective prevention
and rehabilitation programs for minor and major cognitive
disorders.
ACKNOWLEDGMENTS
Thanks to István Winkler for the comments on the previous ver-
sion of the manuscript. Thanks to Clare Allyce Cravey Tucker
for the English proofing. This research was supported by OTKA
MB08A 84743 and OTKA NF 105878.
REFERENCES
Albouy, G., Sterpenich, V., Balteau,
E., Vandewalle, G., Desseilles, M.,
Dang-Vu, T., et al. (2008). Both
the hippocampus and striatum
are involved in consolidation of
motor sequence memory. Neuron
58, 261–272. doi: 10.1016/j.neuron.
2008.02.008
Ashby, F. G., Turner, B. O., and
Horvitz, J. C. (2010). Cortical
and basal ganglia contributions
to habit learning and auto-
maticity. Trends Cogn. Sci. 14,
208–215. doi: 10.1016/j.tics.2010.
02.001
Barnes, K. A., Howard, J. H. Jr.,
Howard, D. V., Gilotty, L.,
Kenworthy, L., Gaillard, W. D.,
et al. (2008). Intact implicit learning
of spatial context and temporal
sequences in childhood autism
spectrum disorder. Neuropsychology
22, 563–570. doi: 10.1037/0894-
4105.22.5.563
Barnes, K. A., Howard, J. H. Jr.,
Howard, D. V., Kenealy, L., and
Vaidya, C. J. (2010). Two forms
of implicit learning in childhood
ADHD. Dev. Neuropsychol. 35,
494–505. doi: 10.1080/87565641.
2010.494750
Bennett, I. J., Howard, J. H. Jr.,
and Howard, D. V. (2007). Age-
related differences in implicit learn-
ing of subtle third-order sequential
structure. J. Gerontol. Psychol. Sci.
62B, 98–103. doi: 10.1093/geronb/
62.2.P98
Brawn, T. P., Fenn, K. M., Nusbaum,
H. C., and Margoliash, D. (2010).
Consolidating the effects of waking
and sleep on motor-sequence learn-
ing. J. Neurosci. 30, 13977–13982.
doi: 10.1523/JNEUROSCI.3295-10.
2010
Chun, M. M., and Jiang, Y. (1998).
Contextual cueing: implicit learn-
ing and memory of visual con-
text guides spatial attention. Cogn.
Psychol. 36, 28. doi: 10.1006/cogp.
1998.0681
Chun, M.M., and Jiang, Y. (1999). Top-
down attentional guidance based on
implicit learning of visual covaria-
tion. Psychol. Sci. 10, 360–365. doi:
10.1111/1467-9280.00168
Chun, M. M., and Phelps, E. A.
(1999). Memory deficits for implicit
contextual information in amnesic
subjects with hippocampal dam-
age. Nat. Neurosci. 2, 844–847. doi:
10.1038/12222
Cohen, A., Ivry, R. I., and Keele, S. W.
(1990). Attention and structure in
sequence learning. J. Exp. Psychol.
Learn. Mem. Cogn. 16, 17–30.
Curran, T. (1998). “Implicit sequence
learning from a cognitive neuro-
science perspective,” in Handbook of
implicit learning, eds M. A. Stadler
and P. A. Frensch (London: SAGE
Publications), 365–400.
Debarnot, U., Creveaux, T., Collet,
C., Gemignani, A., Massarelli,
R., Doyon, J., et al. (2009).
Sleep-related improvements in
motor learning following men-
tal practice. Brain Cogn. 69,
398–405. doi: 10.1016/j.bandc.2008.
08.029
Dickerson, B. C., and Sperling, R.
A. (2008). Functional abnormal-
ities of the medial temporal lobe
memory system in mild cogni-
tive impairment and Alzheimer’s
disease: insights from functional
MRI studies. Neuropsychologia
46, 1624–1635. doi: 10.1016/
j.neuropsychologia.2007.11.030
Doyon, J., Bellec, P., Amsel, R.,
Penhune, V., Monchi, O., Carrier,
J., et al. (2009a). Contributions of
the basal ganglia and functionally
related brain structures to motor
learning. Behav. Brain Res. 199,
61–75. doi: 10.1016/j.bbr.2008.
11.012
Doyon, J., Korman, M., Morin, A.,
Dostie, V., Hadj Tahar, A., Benali,
H., et al. (2009b). Contribution
of night and day sleep vs. simple
passage of time to the con-
solidation of motor sequence
and visuomotor adaptation
learning. Exp. Brain Res. 195,
15–26.
Doyon, J., and Benali, H. (2005).
Reorganization and plasticity in
the adult brain during learning of
motor skills. Curr. Opin. Neurobiol.
15, 161–167. doi: 10.1016/j.conb.
2005.03.004
Doyon, J., Song, A. W., Karni, A.,
Lalonde, F., Adams, M. M.,
and Ungerleider, L. G. (2002).
Experience-dependent changes in
cerebellar contributions to motor
sequence learning. Proc. Natl. Acad.
Sci. U.S.A. 99, 1017–1022. doi:
10.1073/pnas.022615199
Foerde, K., Poldrack, R. A., Khan,
B. J., Sabb, F. W., Bookheimer, S.
Y., Bilder, R. M., et al. (2008).
Selective corticostriatal dysfunction
in schizophrenia: examination of
motor and cognitive skill learning.
Neuropsychology 22, 100–109. doi:
10.1037/0894-4105.22.1.100
Gauthier, S., Reisberg, B., Zaudig,
M., Petersen, R. C., Ritchie, K.,
Broich, K., et al. (2006). Mild
cognitive impairment. Lancet 367,
1262–1270.
Gelbard-Sagiv, H., Mukamel, R., Harel,
M., Malach, R., and Fried, I. (2008).
Internally generated reactivation
of single neurons in human hip-
pocampus during free recall. Science
322, 96–101.
Gomez-Beldarrain, M., Grafman,
J., Pascual-Leone, A., and
Garcia-Monco, J. C. (1999).
Procedural learning is impaired
in patients with prefrontal lesions.
Neurology 52, 1853–1860. doi:
10.1212/WNL.52.9.1853
Grundman, M., Petersen, R. C., Ferris,
S. H., Thomas, R. G., Aisen, P.
S., Bennett, D. A., et al. (2004).
Mild cognitive impairment can
be distinguished from Alzheimer
disease and normal aging for
clinical trials. Arch. Neurol. 61,
59–66. doi: 10.1001/archneur.61.
1.59
Hallgató, E., Gyori-Dani, D., Pekár,
J., Janacsek, K., and Nemeth,
D. (2013). The differential con-
solidation of perceptual and
motor learning in skill acquisi-
tion. Cortex 49, 1073–1081. doi:
10.1016/j.cortex.2012.01.002
Hikosaka, O., Nakahara, H., Rand, M.
K., Sakai, K., Lu, X., Nakamura,
K., et al. (1999). Parallel neu-
ral networks for learning sequen-
tial procedures. Trends Neurosci. 22,
464–471. doi: 10.1016/S0166-2236
(99)01439-3
Hikosaka, O., Nakamura, K., Sakai, K.,
and Nakahara, H. (2002). Central
mechanisms of motor skill learn-
ing. Curr. Opin. Neurobiol. 12,
217–222. doi: 10.1016/S0959-4388
(02)00307-0
Frontiers in Human Neuroscience www.frontiersin.org July 2013 | Volume 7 | Article 318 | 8
Nemeth et al. Sequence learning in MCI
Honda, M., Deiber, M. P., Ibanez,
V., Pascual-Leone, A., Zhuang, P.,
and Hallett, M. (1998). Dynamic
cortical involvement in implicit
and explicit motor sequence
learning. A PET study. Brain 121,
2159–2173.
Howard, D. V., Howard, J. H. Jr.,
Japikse, K., DiYanni, C., Thompson,
A., and Somberg, R. (2004).
Implicit sequence learning: effects
of level of structure, adult age, and
extended practice. Psychol. Aging 19,
79–92. doi: 10.1037/0882-7974.19.
1.79
Howard, D. V., Howard, J. H. Jr.,
Japikse, K., and Eden, G. F. (2006).
Dyslexics are impaired on implicit
higher-order sequence learning,
but not on implicit spatial con-
text learning. Neuropsychologia
44, 1131–1144. doi: 10.1016/
j.neuropsychologia.2005.
10.015
Howard, J. H. Jr., and Howard,
D. V. (1997). Age differences
in implicit learning of higher-
order dependencies in serial
patterns. Psychol. Aging 12,
634–656. doi: 10.1037/0882-7974.
12.4.634
Jack, C. R. Jr., Petersen, R. C., Xu, Y.
C., Waring, S. C., O’Brien, P. C.,
Tangalos, E. G., et al. (1997). Medial
temporal atrophy on MRI in nor-
mal aging and verymild Alzheimer’s
disease. Neurology 49, 786–794. doi:
10.1212/WNL.49.3.786
Janacsek, K., and Nemeth, D. (2013).
Implicit sequence learning and
working memory: correlated or
complicated? Cortex. doi: 10.1016/j.
cortex.2013.02.012. [Epub ahead of
print].
Keele, S. W., Ivry, R., Mayr, U.,
Hazeltine, E., and Heuer, H.
(2003). The cognitive and neural
architecture of sequence represen-
tation. Psychol. Rev. 110, 316–339.
doi: 10.1037/0033-295X.110.
2.316
Krakauer, J. W., and Shadmehr, R.
(2006). Consolidation of motor
memory. Trends Neurosci. 29,
58–64. doi: 10.1016/j.tins.2005.
10.003
Lehericy, S., Benali, H., Van de
Moortele, P. F., Pelegrini-Issac, M.,
Waechter, T., Ugurbil, K., et al.
(2005). Distinct basal ganglia ter-
ritories are engaged in early and
advanced motor sequence learning.
Proc. Natl. Acad. Sci. U.S.A. 102,
12566–12571. doi: 10.1073/pnas.
0502762102
Leube, D. T., Weis, S., Freymann,
K., Erb, M., Jessen, F., Heun, R.,
et al. (2008). Neural correlates of
verbal episodic memory in patients
with MCI and Alzheimer’s dis-
ease -a VBM study. Int. J. Geriatr.
Psychiatry 23, 1114–1118. doi:
10.1002/gps.2036
Lieberman, M. D. (2000). Intuition:
a social cognitive neuroscience
approach. Psychol. Bull. 126,
109–137. doi: 10.1037/0033-2909.
126.1.109
Manns, J. R., and Squire, L. R. (2001).
Perceptual learning, awareness, and
the hippocampus. Hippocampus 11,
776–782. doi: 10.1002/hipo.1093
Nagy, O., Kelemen, O., Benedek, G.,
Myers, C. E., Shohamy, D., Gluck,
M. A., et al. (2007). Dopaminergic
contribution to cognitive sequence
learning. J. Neural Trans. 114,
607–612. doi: 10.1007/s00702-007-
0654-3
Negash, S., Boeve, B. F., Geda, Y. E.,
Smith, G. E., Knopman, D. S.,
Ivnik, R. J., et al. (2007a). Implicit
learning of sequential regularities
and spatial contexts in corticobasal
syndrome. Neurocase 13, 133–143.
doi: 10.1080/1355479070140
1852
Negash, S., Petersen, L. E., Geda, Y.
E., Knopman, D. S., Boeve, B.
F., Smith, G. E., et al. (2007b).
Effects of ApoE genotype and
mild cognitive impairment on
implicit learning. Neurobiol.
Aging 28, 885–893. doi: 10.1016/
j.neurobiolaging.2006.04.004
Nemeth, D., Hallgató, E., Janacsek,
K., Sandor, T., and Londe, Z.
(2009). Perceptual and motor
factors of implicit skill learn-
ing. Neuroreport 20, 1654–1658.
doi: 10.1097/WNR.0b013e328333
ba08
Nemeth, D., Janacsek, K., Csifcsak, G.,
Szvoboda, G., Howard J. H. Jr., and
Howard, D. V. (2011). Interference
between sentence processing and
probabilistic implicit sequence
learning. PLoS ONE 6:e17577. doi:
10.1371/journal.pone.0017577
Nemeth, D., Janacsek, K., Londe, Z.,
Ullman, M. T., Howard, D., and
Howard, J. (2010). Sleep has no crit-
ical role in implicit motor sequence
learning in young and old adults.
Exp. Brain Res. 201, 351–358. doi:
10.1007/s00221-009-2024-x
Nickl-Jockschat, T., Kleiman, A.,
Schulz, J. B., Schneider, F., Laird,
A. R., Fox, P. T., et al. (2012).
Neuroanatomic changes and
their association with cognitive
decline in mild cognitive impair-
ment: a meta-analysis. Brain
Struct. Funct. 217, 115–125. doi:
10.1007/s00429-011-0333-x
Nissen, M. J., and Bullemer, P. (1987).
Attentional requirements of learn-
ing: evidence from performance
measures. Cogn. Psychol. 19, 1–32.
doi: 10.1016/0010-0285(87)90002-8
Petersen, R. C., Smith, G. E., Waring,
S. C., Ivnik, R. J., Tangalos, E.
G., and Kokmen, E. (1999). Mild
cognitive impairment: clinical
characterization and outcome.
Arch. Neurol. 56, 303–308. doi:
10.1001/archneur.56.3.303
Poldrack, R., and Rodriguez, P. (2003).
Sequence Learning. What’s the
Hippocampus to Do? Neuron 37,
891–893.
Portet, F., Ousset, P. J., Visser, P. J.,
Frisoni, G. B., Nobili, F., Scheltens,
P., et al. (2006). Mild cognitive
impairment (MCI) in medical prac-
tice: a critical review of the concept
and new diagnostic procedure.
Report of the MCI Working Group
of the European Consortium on
Alzheimer’s Disease. J. Neurol.
Neurosurg. Psychiatry 77,
714–718. doi: 10.1136/jnnp.2005.
085332
Remillard, G. (2008). Implicit learning
of second-, third-, and fourth-
order adjacent and nonadjacent
sequential dependencies. Q. J.
Exp. Psychol. 61, 400–424. doi:
10.1080/17470210701210999
Rickard, T. C., Cai, D. J., Rieth, C. A.,
Jones, J., and Ard, M. C. (2008).
Sleep does not enhance motor
sequence learning. J. Exp. Psychol.
Learn. Mem. Cogn. 34, 834. doi:
10.1037/0278-7393.34.4.834
Roberts, R. O., Geda, Y. E., Knopman,
D. S., Cha, R. H., Pankratz, V. S.,
Boeve, B. F., et al. (2008). The
Mayo Clinic Study of Aging: design
and sampling, participation, base-
line measures and sample character-
istics. Neuroepidemiology 30, 58–69.
doi: 10.1159/000115751
Romano Bergstrom, J. C., Howard,
J. H., and Howard, D. V. (2012).
Enhanced implicit sequence learn-
ing in college-age video game
players and musicians. Appl.
Cogn. Psychol. 26, 91–96. doi:
10.1002/acp.1800
Rombouts, S. A. R. B., Damoiseaux,
J. S., Goekoop, R., Barkhof, F.,
Scheltens, P., Smith, S. M., et al.
(2009). Model-free group anal-
ysis shows altered BOLD FMRI
networks in dementia. Hum.
Brain Mapp. 30, 256–266. doi:
10.1002/hbm.20505
Schendan, H., Searl, M., Melrose,
R., and Stern, C. (2003). An
FMRI study of the role of the
medial temporal lobe in implicit
and explicit sequence learn-
ing. Neuron 37, 1013–1025. doi:
10.1016/S0896-6273(03)00123-5
Simon, J. R., Stollstorff, M., Westbay,
L. C., Vaidya, C. J., Howard, J.
H. Jr., and Howard, D. V. (2011).
Dopamine transporter geno-
type predicts implicit sequence
learning. Behav. Brain Res. 1,
252–257. doi: 10.1016/j.bbr.2010.
08.043
Simon, J. R., Vaidya, C. J., Howard J.
H. Jr., and Howard, D. V. (2012).
The effects of aging on the neu-
ral basis of implicit associative
learning in a probabilistic triplets
learning task. J. Cogn. Neurosci.
24, 451–463. doi: 10.1162/jocn_a_
00116
Song, S., Howard, J. H. J., and Howard,
D. V. (2008). Perceptual sequence
learning in a serial reaction time
task. Experimental Brain Research
189, 145–158. doi: 10.1007/s00221-
008-1411-z
Song, S., Howard, J. H. Jr., and Howard,
D. V. (2007). Sleep does not benefit
probabilistic motor sequence learn-
ing. J. Neurosci. 27, 12475–12483.
doi: 10.1523/JNEUROSCI.2062-07.
2007
Squire, L. R. (1998). Memory systems.
C. R. Acad. Sci. III. 321, 153–156.
doi: 10.1016/S0764-4469(97)
89814-9
Squire, L. R., and Zola, S. M. (1996).
Structure and function of declar-
ative and nondeclarative memory
systems. Proc. Natl. Acad. Sci.
U.S.A. 93, 13515–13522. doi:
10.1073/pnas.93.24.13515
Szamosi, A., Levy-Gigi, E., Kelemen,
O., and Kéri, S. (2013). The hip-
pocampus plays a role in the
recognition of visual scenes pre-
sented at behaviorally relevant
points in time: evidence from
amnestic mild cognitive impair-
ment (aMCI) and healthy controls.
Cortex. doi: 10.1016/j.cortex.2012.
11.001 [Epub ahead of print].
Tariska, P. D., Kiss, É. D., Mészáros,
Á. D., and Knolmayer, J. D. (1990).
A módosított mini mental state
vizsgálat. Ideggyógyászati Szemle 43,
443–449.
Tucker,M., McKinley, S., and Stickgold,
R. (2011). Sleep optimizes motor
skill in older adults. J. Am.
Geriatr. Soc. 59, 603–609. doi:
10.1111/j.1532-5415.2011.03324.x
Walker, M. P., Brakefield, T., Hobson,
J. A., and Stickgold, R. (2003).
Dissociable stages of human
memory consolidation and
reconsolidation. Nature 425,
616–620.
Westerberg, C. E., Mander, B. A.,
Florczak, S. M., Weintraub, S.,
Mesulam, M.-M., Phyllis, C.
Z., et al. (2012). Concurrent
impairments in sleep and
memory in amnestic mild
cognitive impairment. J. Int.
Frontiers in Human Neuroscience www.frontiersin.org July 2013 | Volume 7 | Article 318 | 9
Nemeth et al. Sequence learning in MCI
Neuropsychol. 18, 490–500. doi:
10.1017/S135561771200001X
Willingham, D. B., Salidis, J., and
Gabrieli, J. D. (2002). Direct com-
parison of neural systems medi-
ating conscious and unconscious
skill learning. J. Neurophysiol. 88,
1451–1460.
Wood, E. R., Dudchenko, P. A.,
Robitsek, R. J., and Eichenbaum,
H. (2000). Hippocampal neu-
rons encode information about
different types of memory
episodes occurring in the same
location. Neuron 27, 623–633.
doi: 10.1016/S0896-6273(00)
00071-4
Xue, G., Dong, Q., Chen, C., Lu, Z.,
Mumford, J. A., and Poldrack, R. A.
(2010). Greater neural pattern simi-
larity across repetitions is associated
with better memory. Science 330,
97–101.
Conflict of Interest Statement: The
authors declare that the research
was conducted in the absence of any
commercial or financial relationships
that could be construed as a potential
conflict of interest.
Received: 02 January 2013; accepted: 10
June 2013; published online: 01 July
2013.
Citation: Nemeth D, Janacsek K, Király
K, Londe Z, Németh K, Fazekas K,
Ádám I, Elemérné K and Csányi A
(2013) Probabilistic sequence learning in
mild cognitive impairment. Front. Hum.
Neurosci. 7:318. doi: 10.3389/fnhum.
2013.00318
Copyright © 2013 Nemeth, Janacsek,
Király, Londe, Németh, Fazekas, Ádám,
Elemérné and Csányi. This is an open-
access article distributed under the terms
of the Creative Commons Attribution
License, which permits use, distribution
and reproduction in other forums, pro-
vided the original authors and source
are credited and subject to any copy-
right notices concerning any third-party
graphics etc.
Frontiers in Human Neuroscience www.frontiersin.org July 2013 | Volume 7 | Article 318 | 10
